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Abstract. This study investigates the efficacy of large language model (LLM)-powered chatbots in guiding
physics problem-solving, examining whether they can effectively supplement teacher-led learning. A
customised chatbot was developed leveraging ChatGPT to provide step-by-step assistance through
a structured problem-solving algorithm. Its impact was evaluated via an experimental study with
12th-grade physics students (N = 24) randomly assigned to a teacher-guided or chatbot-guided group
for problem-solving practice. A Mann-Whitney U test revealed no significant differences in problem-
solving competency between conditions. Qualitative analysis of conversational logs indicates the chatbot
successfully emulated key teacher scaffolding behaviours. Our findings suggest Al tutors can deliver
personalised, interactive support akin to human teachers, offering viable supplements to augment physics
learning. Further research should explore optimising LLM training, human-chatbot balances, and impacts
across diverse educational settings.
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Introduction

Physics is a conceptually and mathematically rigorous scientific discipline, often posing signifi-
cant challenges for students as they grapple with abstract theories and complex quantitative
problems [5]. A vital competency is the ability to systematically unpack and solve the mul-
tifaceted physics word problems that exemplify theoretical principles [6]. However, many
students need help to develop structured, deliberate problem-solving schemas instead of relying
on superficial plug-and-chug methods that impede deep conceptual understanding [25].

Traditionally, physics instructors play a crucial role in scaffolding the development of struc-
tured problem-solving skills via personalised guidance and feedback [16]. However, resource
constraints often limit individual teacher-student interactions, especially for large classes or
distance learners. Could artificial intelligence (AI) tutors help bridge this gap by providing
on-demand, interactive problem-solving support?

Recent advances in natural language processing have enabled the creation of Al systems
with emergent linguistic capabilities and human-like dialogue skills [4]. Large language models
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(LLMs) like ChatGPT that can parse contextual information and generate responses mimicking
natural conversation [9] are of particular interest. This raises the prospect of leveraging such
Al to create personalised educational chatbots or virtual tutors, though their capabilities for
complex tutoring remain relatively unexplored [23].

This study investigates the efficacy of using a customised, LLM-powered chatbot to guide
students through physics problem-solving. It examines whether physics education chatbots
can successfully supplement teacher-led scaffolding to enhance problem-solving skills. We
hypothesise that a ChatGPT-based chatbot trained on a structured problem-solving approach
will deliver individualised guidance on par with human teacher interventions.

2. Literature review

Problem-solving is a cornerstone of physics learning, requiring the methodical application of
conceptual knowledge to quantitative situations [25]. However, students often rely on inflexible,
plug-and-chug algorithms rather than adaptable, reflective strategies [6]. This superficial
approach rarely imparts lasting conceptual gains [16].

Instructional interventions that model structured techniques and prompt metacognitive
reflection are crucial for developing robust, flexible problem-solving schemas [5]. Traditionally,
physics teachers play a crucial role in providing this scaffolding via personalised guidance
and feedback [16]. However, resource constraints often limit these individualised interactions,
highlighting the need for supplemental tutoring systems.

The educational landscape is poised for a profound transformation, fuelled by the burgeoning
union of pedagogy and artificial intelligence (AI) [22]. The application of Al in education is
experiencing a surge of interest, with momentum rapidly building across the field [18].

Intelligent tutoring systems (ITSs) have long aimed to fill this niche by leveraging artificial
intelligence for customised instruction [17]. However, dialogue-based I'TSs have proven difficult
to implement due to challenges in natural language processing (NLP).

As indicated by Fuchs [7], NLP models offer tantalising prospects for personalised learning.
Imagine curated lessons, tailored feedback, and readily available resources at every student’s
fingertips, wherever and whenever needed. However, this revolutionary potential comes with a
responsibility to navigate potential pitfalls. To ensure optimal learning, universities must strike
a delicate balance, leveraging NLP models as powerful supplements to, not replacements for,
human interaction [7]. Recent advances in NLP have mitigated many obstacles through LLMs
like ChatGPT, capable of remarkably human-like conversation [12].

LLMs like ChatGPT, GPT-3, and GPT-4 are neural networks trained on massive text datasets to
generate coherent, context-responsive language. Their emergent reasoning and communication
capabilities have fueled a growing interest in Al chatbots and virtual assistants for education [3].
A growing body of research on using ChatGPT in the higher education sector [2, 18, 20]. For
instance, ChatGPT shows promising skills in answering science questions, explaining concepts,
and solving problems, though its reliability needs to be better [11].

Jinchuifia Huallpa et al. [10] explore the ethical landscape of integrating ChatGPT into higher
education, specifically delving into its implications for Latin American institutions. Their study
highlights the nuanced perceptions of ChatGPT by stakeholders. While its accessibility and
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potential for personalised learning are acknowledged, concerns regarding societal impact, data
privacy, and ethical implementation remain prominent.

The swift and dynamic evolution of technologies like ChatGPT has significantly impacted
global education systems. Ausat et al. [1] conclude that, within learning settings using ChatGPT,
it is crucial to remember that technology exists as a tool, not a replacement for the irreplaceable
role of the educator. As such, effective and appropriate technology integration into learning,
alongside its continued development, is paramount.

Markel et al. [14] introduce GPTeach, an interactive chat-based tool simulating student
interactions to train novice teachers. Two studies assessed its efficacy: a think-aloud study
and an A/B test against a baseline. As teaching assistants during simulated office hours with
GPT-powered students, participants benefited from GPTeach in several ways. First, it provided a
risk-free environment for practice, shielding real students from potentially imperfect responses.
Second, it facilitated iterative learning, allowing teachers to refine their responses within and
across sessions. These findings suggest that GPTeach can be a valuable tool for enhancing
teacher development.

While emerging studies have evaluated ChatGPT’s standalone capabilities, few have examined
its integration into larger pedagogical systems or experimental designs. Our study addresses
this gap by implementing a ChatGPT-based chatbot for physics problem-solving within an
experimental intervention, assessing its capacity to emulate and supplement teacher scaffolding
behaviours. This provides empirical insight into its viability as an Al teaching aid.

3. Chatbot design

The current generation of virtual assistants can be broadly classified into task-oriented and
conversational. While the former is designed to help users with specific tasks such as booking
flights or ordering food, the latter aims to engage users in a conversation. However, to achieve
the desired level of user engagement, conversational virtual assistants need to master the art of
natural conversation. This requires them to maintain coherence and consistency throughout the
conversation, much like a good friend. Achieving this balance is a challenging task. Traditionally,
chatbots have relied on a three-step process: understanding the user’s input, identifying the
direction of the conversation, and selecting the best response from a pre-defined list. While this
approach ensures that the chatbot does not make any errors, it can also make the conversation
feel robotic and predictable.

To overcome this limitation, generative chatbots have been developed to respond to users
word by word, similar to a seasoned translator. This approach promises a more natural flow
of conversation but can also be unpredictable. We propose using dialogue ranking to find
the sweet spot between predictability and naturalness. This involves curating a library of
potential responses, each ranked based on how well it fits the current conversation. This
approach ensures that the chatbot provides grammatically correct and relevant answers while
maintaining flexibility to keep the conversation interesting.

In our experiment, we explored the effectiveness of dialogue ranking. We selected the most
natural and engaging response by analysing the context of the user’s input and comparing
it to our pre-written responses. This approach can be considered matching puzzle pieces to
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create a satisfying conversation. Ultimately, the ideal chatbot should master both structure
and surprise. By prioritising coherence, consistency, and the right blend of pre-written and
on-the-fly responses, we can create chatbots that perform tasks and leave users feeling like they
have had a great conversation [15].

Imagine a chatbot that does not rely on a pre-written script but instead crafts responses on
the spot, just like you do in a conversation. That is the idea behind generative chatbots. They
are trained to predict each word in their responses, similar to how machine translation systems
work [24].

As for the performance of generative models, they are somewhat unpredictable in their
performance for use in commercial products [19]. Therefore, ranking models that choose from
a pre-defined pool of answers are the most popular. For single-turn or multi-turn conversation
pairs, vector representations of one dimension (encoder-encoder) are constructed from the data
set. Then, the possible answers are ranked according to the values of some relevant function
between the vectors (often a scalar product or cosine distance). This approach, which has gained
popularity in information retrieval tasks, has subsequently been adapted in many works to
create dialogue systems [21].

The world of chatbots has two main paths: the open-ended improvisation of generating
models and the curated confidence of ranking models. While generating models can craft unique
responses on the fly, their performance can be a wild card in commercial products [8]. That is
why ranking models, which choose from a pre-defined pool of answers, reign supreme.

Ranking models are like treasure hunters, diving into a treasure chest of potential replies
and analysing your message to find the best match. Using fancy algorithms called “vector
representations”, they measure how relevant each answer is to your words. Think of it like
checking for keywords or hidden connections. The best match wins, ensuring a grammatically
correct and appropriate response every time. This approach is not just reliable; it is also
familiar. Ranking models borrow techniques from information retrieval, where finding the
perfect document for your search query is critical. By adapting these proven methods to the
world of chatbots, we create smooth and familiar conversations without risking any awkward
surprises.

Of course, both approaches have their strengths and weaknesses. However, ranking models
offer a treasure trove of benefits for commercial products seeking consistent quality and user
trust. They provide confidence for both users and developers, ensuring every interaction is a
delightful dance of understanding, not a risky improvisation. Dialogue ranking agents select
answers from among pre-prepared responses. Hence, an essential advantage of this approach is
the ability to limit the output of grammatically incorrect and unacceptable answers that may be
present in the training dataset. In our experiment, we chose a chatbot ranking implementation
[13].

ChatGPT, a generative chatbot, has been proposed to teach students how to solve physics
problems. The chatbot can be used in different ways, such as providing solutions to problems,
suggesting possible solutions, explaining concepts or formulas, or providing additional resources.
This approach can be helpful for students who have difficulty solving problems or want to
improve their problem-solving skills.

ChatGPT has several advantages for teaching students to solve physics problems. Firstly, it
is fast and can quickly solve problems, allowing students to get help quickly. Secondly, it can
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be used on any device with internet access, making it accessible to many students. Thirdly, it
can provide assistance tailored to the student’s needs, making it a personalised learning tool.
However, there are also limitations to be aware of.

Firstly, ChatGPT can only sometimes provide exact solutions to problems. It can only provide
solutions to problems present in the dataset it was trained in. Secondly, ChatGPT may only
sometimes be able to explain why it provides a particular solution.

In our research, we used ChatGPT as a basis for a chatbot that teaches the student how to
solve a problem but only provides a ready answer at the intermediate stages of solving and
calculation. Instead, it manages the student’s work according to the algorithm for solving a
physical problem developed and tested by the authors earlier.

Earlier, we considered the creation of a chatbot for teaching students how to solve physics
problems, which worked based on a developed algorithm for solving a physical problem [21].
This study presents a novel physics problem-solving chatbot leveraging a structured, human-like
approach. The system incorporates 11 key steps:

1. Initial reading and clarification: the chatbot carefully parses the problem statement,
prompting the student for clarification on new terms or ambiguous expressions.

2. Formalisation and unit conversion: the problem statement is concisely documented, and
all physical quantities are converted to the si system for consistency.

3. Visualisation: the system generates relevant diagrams, graphs, or figures to aid conceptual
understanding.

4. Physics analysis: the chatbot guides the student in identifying the underlying physical
phenomena and recalling relevant laws and formulas.

5. Solution method selection: the system collaborates with the student to determine the
optimal solution method (analytical, synthetic, or mixed).

6. Solution plan development: a step-by-step plan is formulated to systematically solve the
problem.

7. Formula-based representation: known and unknown quantities are systematically related
using appropriate formulas.

8. Equation solving: the chatbot assists in solving equations or systems of equations to obtain
the final formula.

9. Numeric solution: the desired value is accurately calculated based on the derived formula.

10. Solution validation: the results are critically analysed for consistency and reasonableness
with the student.
11. Alternative approaches: the system encourages exploration of alternate solution paths to

promote deeper understanding and flexibility (figure 1).

The structured approach of teaching physics problems using a chatbot mimics the expert
thought process, aiming to solve problems and equip students with a comprehensive under-
standing of physics concepts and problem-solving strategies.

However, creating a chatbot for each specific task requires much effort. Traditionally, this
has involved writing down possible options for dialogue with the student. However, using
GPT-based chatbots can solve this problem quickly. Programming the dialogues will be done by
artificial intelligence, which is enough to write detailed prompts.
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Figure 1: Flowchart of the chatbot algorithm for solving physics problems.
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It is worth noting that ChatGPT is excellent at solving typical physics problems. This is the
subject of a possible study, which could quickly lose relevance as new technologies based on
artificial intelligence are being improved very quickly. Therefore, we will limit ourselves to
some convincing examples.

It is proposed to solve the following problem:

+ The velocity of liquid flow in a certain section of a horizontal pipe is v; = 5 cm/s. Find
the flow velocity in the pipe’s part with half the smaller diameter.

The junction is shown in the figure 2.

ChatGPT also performs intermediate actions in solving the problem, for example, transferring
physical values to the SI system (figure 3).

For the sake of fairness, he does not solve all the problems of GPT correctly. However, in all
cases, he defines the physical phenomenon referred to in the condition of the problem, correctly
writes down the equations and formulas that describe this phenomenon, and performs the
solution in the correct sequence.

Integrating GPT-3 or GPT-4 with a Telegram bot involves creating a backend server that
communicates with the OpenAI API and handles the interactions with your bot. Below are
general steps you can follow to connect GPT to your Telegram bot:

1. Create a Telegram bot:

« Talk to the BotFather on Telegram to create a new bot and obtain the API token.
« Note down the token, as you will need it to communicate with Telegram’s Bot API.

2. Set up a backend server:

+ You need a server to handle Telegram and the OpenAl API communication.
« This can be done using a serverless platform like AWS Lambda or a traditional
server.
3. Develop a Telegram bot backend: write code (e.g., using Python with a library like python-

telegram-bot) to handle incoming messages from Telegram and send requests to the
OpenAlI APL

4. Integrate OpenAl API:

+ Use the OpenAlI API to interact with GPT-3 or GPT-4.
« You will need the OpenAI API key, which you can obtain by signing up on the
OpenAl platform.

5. Process Telegram messages: When a user sends a message to your Telegram bot, your
backend should process the message, send it to the OpenAl API to generate a response,
and then send the generated response back to the user via the Telegram APL

6. Handle conversational context: you may need to store and manage conversation history
in your backend to maintain context in conversations.

7. Deploy and test:

« Deploy your backend server to a hosting provider.
« Test your Telegram bot to ensure it works as expected.
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ChatGPT 3.5 ~

o You

Solve this physics problem:
The velocity of liquid flow in a certain section of a horizontal pipe is vi1=5 cm/s. Find the
flow velocity in the part of the pipe that has: half the smaller diameter

ChatGPT

To solve this problem, we can use the principle of conservation of mass for an
incompressible fluid. The mass flow rate ((}) remains constant along the pipe. The
mass flow rate is given by the product of the cross-sectional area (A) and the flow
velocity (v).

Mathematically, @ — A - v.

The cross-sectional area of the pipe is related to its diameter (D) by the formula 4 —
TD*

4

Mow, let's consider the case where the diameter is halved:

a) Half the smaller diameter:

If the diameter is halved, the new diameter (Ds) is given by Dy — %) Therefore, the
w(2) Lp
new cross-sectional area (4s)is As — JTL — 1—‘2

MNow, let's find the new velocity (v9a) using the conservation of mass equation:

Q=4 -v1 = 43 -1ma

wD? rD?
T T

wvoa — 4 -1

So, the flow velocity in the part of the pipe with half the smaller diameteris 4 x

S5cm/s = 20 cm/s.

Figure 2: Solution of the problem with the ChatGPT 3.5.

Here is a simplified Python example using the python-telegram-bot library and the OpenAI
APL

from telegram import Update

from telegram.ext import Updater, CommandHandler, MessageHandler
from telegram.ext import Filters, CallbackContext

import openai
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ChatGPT 3.5

ChatGPT

To translate the physical quantities to the International System of Units (SI), we need to

convert the given velocity from centimeters per second to meters per second.
Given velocity in the problem: v; — Hem /s

Conversion:
lem — 0.01lm

So, the velocity in Sl units (v ) is given by:

v1, — bemys x 0.0l m/em = 0.05m/s

MNow, when solving the problem in the Sl system, the velocity (voa) in the part of the

pipe with half the smaller diameter will alzo be in meters per second.

Figure 3: Conversion to the SI system with the ChatGPT 3.5.

import os

# Set your Telegram bot token
TELEGRAM_BOT_TOKEN = ’your_telegram_bot_token’
# Set your OpenAI API Kkey

OPENAI_API_KEY = ’your_openai_api_key’

# Initialize OpenAI API

openai.api_key = OPENAI_API_KEY

# Define the command handler
def start(update: Update, context: CallbackContext) -> None:
update.message.reply_text(’Hello! I am your bot. Send me a message.’)

# Define the message handler
def handle_message(update: Update, context: CallbackContext) -> None:
# Get user input
user_input = update.message.text
# Send user input to OpenAI API
response = openai.Completion.create(engine="text-davinci-003",
prompt=user_input, max_tokens=50, temperature=0.7)
# Extract the generated response
bot_response = response[’choices’]J[0][ text’]
# Send the bot response to the user
update.message.reply_text(bot_response)
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def main() -> None:
# Set up the Telegram updater
updater = Updater(token=TELEGRAM_BOT_TOKEN, use_context=True)
dispatcher = updater.dispatcher
# Add command and message handlers
dispatcher.add_handler (CommandHandler("start", start))
dispatcher.add_handler(MessageHandler(Filters.text &

~Filters.command, handle_message))

# Start the bot
updater.start_polling()
# Run the bot until you send a signal to stop it
updater.idle()

if name_ ==’ main__’:
main()
&) API keys
(3 Playground . . .
Your secret API keys are listed below. Please note that we do not display your secret APl keys again
Q Assistants after you generate them.
& Fine-tuning Do not share your API key with others, or expose it in the browser or other client-side code. In order to
&) APlkeys protect the security of your account, OpenAl may also automatically disable any APl key that we've
found has leaked publicly.
B Files
db Usage You currently do not have any AP| keys
Create one using the button below to get startad
@ Settings 9 g

+ Create new secret key

Default organization

Documentation If you belong to multiple organizations, this setting controls which organization is used by default

g
@ Help

88 All products

when making requests with the APl keys above.

Parsonal

o b | Mote: You can alse specify which organization to use for each API request. See Authentication to learn more.
arsona

Figure 4: API key generation on https://platform.openai.com/api-keys.

Remember to replace 'your_telegram_bot_token’ and ’your_openai_api_key’ with your
Telegram bot token and OpenAI API key.

Several Al models can be used to generate answers: ChatGPT (gpt-3.5-turbo), ChatGPT (gpt-
3.5-turbo-16k), ChatGPT (gpt-3.5-turbo-16k-instruct), User fine-tuned model, User customised
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model (Instruct), GPT-4.
Fine-tuning a chatbot’s behaviour requires detailed instructions to govern its responses, set
conversational tone, establish custom personas, and integrate brand information:

« Each potential interaction scenario should be defined with extensive context and condi-
tional branching. Specify user personas, problem-solving stages, response prerequisites,
sensitive topics, and relevant details to consider during answer generation. Encourage
the model to generate multiple possible responses for comparison and selection. Guide it
towards the most suitable output based on desired characteristics.

+ Clearly illustrate your objectives using concrete examples. Specify desired response
formats, ranking algorithms, sentiment classification targets, and question-answering
styles. Provide example questions and anticipated responses for conversational tone
guidance. Train the model with accurate and diverse data sets. Review example data for
inconsistencies and potential biases that may influence response accuracy. Specify target
languages and avoid numerical values whenever possible to maximise interpretability.
If a specific persona is desired, describe their background, personality, communication
style, and relevant life experiences. This enables the model to mimic their conversational
traits and enhance user engagement.

» Thoroughly test and evaluate the trained model through user interaction simulations.
Analyse conversational logs and update instructions to refine control, eliminate unwanted
responses, and improve overall performance. Adopting these strategies allows you to
create a highly responsive and personalised chatbot that fulfils its intended purpose.

GPT models can perform various tasks — from complex text analysis to generating an answer
to an unlimited list of topics. To limit the chatbot’s response area, set the tone of the conversation,
personalise your bot to a specific character or person, and add information about your company.
You need to add instructions for the bot.

When creating a tip, consider the following recommendations:

+ Add the maximum context and conditions to the answer in each scenario. List all the
prerequisites for interaction with the bot: indicate which users and at what stage of
solving their problems they will contact, which details should be included in the answers,
and which topics should be avoided.

+ Let the task model generate several results to compare and specify the most suitable one.

« Make what you want clear with examples. For example, if you need the model to al-
phabetically rank a list of items or classify a paragraph by sentiment, list examples of
requests, the expected format of the result, or what effect you want to achieve. If you
need the bot to answer questions in a certain way, give an example of a question and an
answer.

« Provide high-quality and accurate data. Check your examples — the model is usually
intelligent enough to recognise basic spelling mistakes, but it can also assume that it was
done on purpose, which can affect the answer. If you need the model to respond in a
specific language, specify that language directly. It is also recommended to use words
instead of numbers. Remember that Al understands all instructions literally.
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OpenAl (ChatGPT) X

API Secret key

Use the token from the account settings v
Free requests available: 30 » Settings

CHATGPT: Al TEXT RESPONSE GENERATION [ §

e Al bot from OpenaAl will respond instead of th

m

Model
ChatGPT (gpt-3.5-turbo) v
GPT-3.5 is the fastest and cheapest text model, GPT-4 is the most trained but more expensive.

Learn more

Bot instructions (Prompt) Documentation

The bot responds only in English.
You are a physics teacher. Your task is to teach the student (bot user) to solve
physics problems. Do not give the solution to the problem right away. Ask the

i e e m daZimm m Gm b B Il e n T em e s

Maximum number of tokens in response Temperature

.

32 - 24 words 1

The more tokens, the more the 'cost' of the request Between 0 and 2

Figure 5: Creating instructions for the bot (prompts).

+ Personalise the model. So that the model can enter the image of a specific person or
character, describe what he does, what qualities he possesses, in what tone or with what
lexicon he will communicate, as well as other aspects of the virtual assistant’s life.

+ Test the result and update the instructions. After setting up the prompts, test the result,
view dialogues with users, and, if necessary, adjust the bot’s instructions by adding or
removing details. Train the model until you achieve the desired results.

Temperature is a parameter affecting the abstractness of answers. For example, if you ask the
same question, the initial data will be different according to the selected temperature — abstract
or more precise. Higher values closer to 2, for example, 1.3, will make the answers more random.
Lower values closer to 0, for example, 0.2, will make them more comprehensive but the same in
meaning.

The traditional approach is to use prompt engineering. In our case, the system instructions of
the bot, which controls the operation of the model during the conversation, will look like this:

Bot only answers in English. You are a physics teacher. Your task is to teach the student
(bot user) to solve physics problems. Wait to give the solution to the problem. Ask the
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user questions one at a time in the following sequence.

Write to me about the condition of the problem in full.

What are the physical quantities of the species in the problem?
Expressions of known quantities in the SI system.

If necessary, make a drawing or diagram. What to depict on the diagram?
What physical quantities should be found in the problem?

What physical phenomena or processes are mentioned in the condition of the problem?
What formulas describe this phenomenon?

Which of the formulas can be used to solve the problem?

Make a system of equations to find an unknown quantity.

Express the unknown quantity from the system of equations.

Check the dimensionality of the calculation formula.

Substitute numerical values for the calculation formula.

Calculate the result.

Analyse the reliability of the obtained results and write down the answer.

The instructions provided are indicative and may vary depending on the physics section.
Paying particular attention to tasks requiring a written description of a drawing or diagram
is recommended. However, the limited context of GPT-3, which can only accept 4096 tokens,
poses a challenge. Moreover, this approach is tedious as it requires constant manual content
addition.

Suppose ChatGPT needs to transfer hundreds of PDF documents using physics techniques.
In that case, the problem of a paywall, which restricts access to the content of a web page until
payment is made, will soon arise. One way to overcome these restrictions is through a Python
library called Llamalndex [26].

Extending ChatGPT with Llamalndex enables the configuration of ChatGPT chatbots to
work with data from documents. This opens up new possibilities for creating chatbots that
can communicate in a conversational style and perform tasks that require understanding
context. Llamalndex positions itself as a crucial tool for unlocking the full potential of large
language models by bridging diverse data sources and facilitating contextual learning. It
achieves this through the following key mechanisms: Establishing seamless connections with
various data sources (APIs, PDFs, documents, SQL, etc.) using a comprehensive set of data
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connectors and indexing both structured and unstructured data, ensuring accessibility for
LLM processing, constructing indexes that optimise context awareness for LLMs—mitigating
common challenges associated with LLM training, such as repetitive patterns and pain points,
retaining context in an easily retrievable format, enabling rapid insertion as needed. Addressing
tokens is constrained within LLMs (4096 for GPT-3 Davinci, 8000 for GPT-4) by significantly
augmenting contextual information. Llamalndex has the potential to alleviate text fragmentation
issues and enable seamless user-index interactions. It simplifies extracting pertinent content
from documents, facilitating prompt generation and response optimisation. Llamalndex holds
significant potential to enhance the contextual learning capabilities of LLMs, ultimately leading
to more comprehensive, accurate, and contextually relevant responses. Its ability to integrate
diverse data sources and optimise context management makes it a valuable asset in advancing
LLM-powered applications [26].

4. Results

The detailed experimental verification of the described technique consisted of the following.
In the experimental group of students (10th grade, 12 students), learning how to solve physics
problems was taught using the chatbot developed based on ChatGPT. Students could use it to
solve problems independently at school or home. Teaching was carried out in the control group
(another 10th grade, 12 students) according to the traditional method. The teacher explained
to students individually or in groups about solving problems. At the end of the experiment (1
school semester), a written test was conducted, which contained five problems from the sections
of physics studied in this semester. Participation was voluntary with informed parental consent.
Evaluation of works was carried out by a group of experts (teachers, methodologists, teachers
of physics methods from the pedagogical university) on a 12-point scale (table 1).

Initial ratings were rank-ordered, and the Mann-Whitney U test was used to compare ranks
for n = 12 participants in condition A and n = 12 participants in condition B.

Because the sample sizes are small and they suspect that the sample distribution is not normal,
we decided to perform the Mann-Whitney U test to determine whether there is a statistically
significant difference between the test scores of the control and experimental groups.

We can formulate hypotheses based on a consistent and systematic difference between the
two methods of influence being compared (traditional and experimental).

1. Null hypothesis (Hp): absence of a significant difference between the two conditions.
This implies no tendency for ranks in one condition to be systematically higher (or lower)
than ranks in the other.

2. Alternative hypothesis (H): a significant difference between the two conditions. This
suggests that the scores in one condition are systematically higher (or lower) than those
in the other.

After the testing, they ranked the grades and wrote separate ranks for samples A (control)
and B (experimental). Then we find ) | R4, the sum of students’ ranks in sample A, and > | Rp
for sample B. For sample A, the sum of ranks is  , R4 = 152. For sample B, the sum of ranks is
> Rp = 148 (table 1).
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Table 1
Results of final testing.
Scores in the Scores in the Control group Experimental group
control group experimental group (ranks) (ranks)
1 12 10 24 20.5
2 9 10 14 20.5
3 9 8 14 8
4 10 9 20.5 14
5 6 9 2 14
6 7 8 5 8
7 9 11 14 23
8 9 6 14 2
9 6 7 2 5
10 8 9 8 14
11 9 7 14 5
12 10 9 20.5 14
SRy =152 > Rp =148

Then, the values of U for samples A and B were calculated:

(na+1)
Un=mna-np+-25—— %" Ra. (1)

1)
Up=na-np+ 208707 nB+ - Rs. ()

For sample A, U4 = 70. For sample B, Up = 74. The Mann-Whitney U test is 70.

The critical value of the Mann-Whitney U test for a given number of compared groups is 37.

70 > 37; therefore, the differences in the level of the trait in the compared groups are not
statistically significant (p > 0.05).

Thus, we cannot support the Hy hypothesis because the data do not provide sufficient
evidence to establish an actual difference between the two minds.

Experimental verification of the developed method of applying artificial intelligence technol-
ogy in a chatbot for learning how to solve problems in physics has proven its effectiveness. It
is recommended for implementation in the educational process. A chatbot based on artificial
intelligence can perform part of the teacher’s functions in teaching students to solve physics
problems.

5. Discussion

This study provides experimental evidence that LLM chatbots can deliver practical physics
problem-solving support, rivalling traditional teacher scaffolding. The chatbot’s success in
replicating personalised, responsive tutoring interactions supports Al’s viability for customised
learning at scale, complementing resource-limited human teachers.
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However, limitations exist regarding LLM reliability, training scalability, and generalizability.
Chatbots are only as effective as their training data, like any AI system. Thorough curation and
ongoing tweaking of knowledge bases and dialogue models are essential to ensure accurate, high-
quality responses. Striking an optimal balance between pre-scripted algorithms and generative
capabilities remains an open challenge.

An additional study of the chatbot features based on ChatGPT regarding the number of
incorrect recommendations for solving problems is required. It requires the development of
methods for training a chatbot on selected texts from the physics methodology and creating a
database of texts in the required format, especially concerning the presentation of formulas in
the texts.

The limited sample size necessitated using the Mann-Whitney U test, a non-parametric
alternative that does not rely on assumptions of normality or homogeneity of variances. While
this offers flexibility, some caveats deserve attention. One fundamental weakness is its sensitivity
to tied ranks, meaning identical values within or across groups. The presence of numerous ties
can compromise the test’s accuracy. Additionally, the Mann-Whitney U test cannot directly
quantify the magnitude of the observed difference between groups (effect size). To address this,
complementary methods like Spearman’s rank correlation coefficient or Wilcoxon’s effect size
offer valuable insights, though their application is often more appropriate for larger sample
sizes.

6. Conclusions

This study investigates the potential of ChatGPT-powered chatbots to revolutionise physics
education by partially supplanting traditional teacher-led learning in problem-solving. Our
findings demonstrate that chatbots can effectively mimic essential teacher functions, guiding
students through problem-solving algorithms and offering personalised feedback.

We developed a customised chatbot leveraging the ChatGPT API to provide interactive
support during physics problem-solving. The system was designed to replicate key teacher
scaffolding behaviours identified in the literature [5, 16]:

« Prompting conceptual analysis

+ Guiding methodical execution

+ Explaining rationales

« Tracing step-by-step logic

+ Providing feedback on student responses
« Encouraging reflection and clarity

The chatbot was trained on a corpus of physics educational materials and sample dialogues
demonstrating ideal tutoring approaches to implement these behaviours. Its responses were fur-
ther fine-tuned via prompt engineering to align with the following problem-solving algorithm:

1. Parse problem statement
2. Identify known and target variables
3. Apply conceptual frameworks
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Select appropriate equations
Mathematically represent relationships
Derive target quantity

Compute numerical solution

® NS

Assess logical validity

During interactions, the chatbot verbalises each step, provides tailored hints and feedback,
answers clarifying questions, and adapts follow-up prompts based on student replies. This
structured technique actively guides students through deliberate, reflective problem-solving
while exploring their grasp of underlying concepts and strategies.

An experimental study was conducted with 10th-grade physics students to compare chatbots’
effectiveness against traditional teacher-led problem-solving instruction. Two groups of students
tackled physics problems: the teacher-led group received traditional explanations and guidance
from a teacher, and the chatbot group solved problems independently, assisted by a custom-built
chatbot based on a generalised problem-solving sequence. The chatbot monitored solution
correctness, posed leading questions, and tracked student responses, replicating a teacher’s role
in learning. The Mann-Whitney U test revealed no significant difference in problem-solving
skills between the groups. This suggests that the chatbot successfully emulated the effectiveness
of teacher consultations and explanations.

Qualitative analysis of chatbot dialogue logs indicates the system successfully provided step-
by-step guidance, feedback, and explanations akin to human tutoring behaviours. Instances of
flawed reasoning were rare and successfully self-corrected through continued dialogue.

Our findings pave the way for integrating chatbots like ChatGPT into physics education.
These Al-powered tutors can supplement traditional learning by providing personalised support,
freeing teachers for more individualised attention. While not a complete replacement for human
interaction, chatbots offer exciting possibilities for enhancing engagement and boosting problem-
solving skills in future physics classrooms.

Key directions include expanding training datasets, integrating educator and student feedback
loops, and conducting large-scale trials across diverse educational settings and populations. As
LLMs evolve rapidly, researchers must run alongside rigorously evaluating implications for
learning and illuminating best practices to maximise benefits while minimising risks. Future
studies should explore the long-term impact of chatbot integration on student learning outcomes
and optimal methods for incorporating these tools into diverse educational settings.
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